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Abstract— In this paper, an approach in predicting surface 
roughness of Titanium Aluminum Nitrite (TiN) coatings using 
Adaptive Network Based Fuzzy Inference System (ANFIS) is 
implemented. The TiN coatings were coated on tungsten carbide 
(WC) using Physical Vapor Deposition (PVD) magnetron 
sputtering process. The N2 pressure, argon pressure and turntable 
speed were selected as the input parameters and the surface 
roughness as an output of the process. Response Surface 
Methodology (RSM) was used to design the matrix in collecting the 
experimental data. In the ANFIS structure, triangular, trapezoidal, 
bell and Gaussian shapes were used for as input membership 
function (MFs). The collected experimental data was used to train 
the ANFIS model. Then, the ANFIS model were validated with the 
actual testing data and compared with regression model in terms of 
the residual error and model accuracy. The result indicated that 
the ANFIS model using three bell shapes MFs obtained better 
result compared to the polynomial regression model. The number 
of MFs showed significant influence to the ANFIS model 
performance. The result also indicated that the limited 
experimental data could be used in training the ANFIS model and 
resulting accurate predictive result. 
Keywords- ANFIS; TiN coatings; roughness; PVD magnetron 
sputtering 
I.  INTRODUCTION 
High temperature on the cutting tip in high speed machining 
could exceed 800oC. This condition causes cutting tool wear and 
reducing tool life. Thus, the cutting tool with high resistance in  
wear is needed to face with this crucial condition. The high wear 
resistance tool promises better tool life and optimized the 
machining cost. This performance could be improved by 
applying thin film coating on the cutting tool. The main purpose 
of coating is to enhance the surface properties while maintaining 
its bulks properties. The coated tool has been proved forty times 
better in tool wear resistance compared to the uncoated tool [1]. 
Hard coatings such as Titanium Nitride (TiN) coating are used 
in metal cutting industry due to its coatings performances such 
as hardness and resistance to wear.  
Physical vapor deposition (PVD) and chemical vapor 
deposition (CVD) are two main techniques in depositing coating 
on the cutting tool. The PVD process uses a solid target as a 
source material which vapors in atom particle to be a thin film 
coating. However, the CVD process uses a chemical source as 
coating material. In the PVD coating process, the sputtered 
particle from harder material embedded on the cutting tool in 
presence of reactive gas. A process in PVD technique called 
magnetron sputtering is well-known technology used in hard 
coatings industry due to ability to sputter many hard materials 
such as titanium to be coated to cutting tool. 
In PVD coating process, many factors are reported have 
significant influence to coating characteristics including surface 
roughness [2-4]. Coating roughness is one of important 
characteristic that influences machining performances. It effects 
the friction level and material pick-up behaviour of cutting tool 
upon sliding with workpiece material [5]. Some of the 
researches work done shown that N2 pressure, Argon pressure 
and turntable speed could have significant effect on the 
deposited coating roughness and surface morphology [6-8]. 
Modeling is an adequate way to address the coating process 
issues such as cost and customization. A model could be used to 
predict the coating performance value and indicates the optimum 
combination of input parameters to find best result. Many 
techniques has been applied to model coating works. Design of 
experiment based approaches such as Taguchi [9], full factorial 
and Response Surface Method (RSM) [10] have been reported in 
designing model with minimum experimental run [11]. 
Intelligent based approaches such as neural network [12] and 
ANFIS [13] also have been used to predict the coating 
performance.  
The ANFIS has been proven to be well-suited for modeling 
nonlinear industrial processes such as end-milling [14, 15], 
welding [16], water jet machining [17] and wire electrical 
discharge machine (WEDM) [18]. In view of the nonlinear 
conditions of a the magnetron sputtering coating process, the 
ANFIS model is employed for predicting the surface roughness 
value of TiN coatings. So far, there is no study has been carried 
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out on application of ANFIS technique for predicting the surface 
roughness of TiN coatings. The main purpose of this study is to 
investigate the application of ANFIS model for predicting the 
surface roughness of TiN coatings by using limited number of 
experimental data. Part II explains the experiment and 
measurement works. Part III describes how the ANFIS modeling 
was done. Part IV indicates and discuss the result of the study. 
II. EXPERIMENTAL DETAILS  
A. Material and Method 
In this study, the experiment was run in unbalanced PVD 
magnetron sputtering system model VTC PVD 1000 as shown in 
Fig. 1. The machine consists huge coating chamber where the 
sputtering and deposition of coating process happened. It was 
fixed with vertically mounted 99.99% titanium (Ti) targets 
which used as coating material. 
 
 
Figure 1.  PVD unbalanced magnetron sputtering system model VTC PVD 
1000. 
 
In sample preparation works, the surface of tungsten carbide 
cutting tool insert was cleaned with alcohol bath in an ultrasonic 
cleaner for 20 minute-bathing. Then, the substrates were dried 
using hair dryer to remove wet particle from the sample surface. 
After that, three samples were load on the substrate holder and  
rotation speed was set between 4 to 9 rpm. An inert gas called 
argon was pumped into the chamber to produce electron. The 
nitrogen gas was also pumped in as a reactive gas. The substrate 
was coated with the titanium in the presence of nitrogen gases. 
The coating process consisted of substrate ion cleaning, and 
deposition of TiN coating. The better coating adhesion was 
obtained through the substrate ion cleaning process where the 
impurity on the substrate surface was removed. Then, the 
coating process was done in the presence of 0.16×10-3 mbar to 
3.66×10-3 mbar nitrogen gas to produce TiN. The detail settings 
of the both processes are shown Table I. An empirical approach 
called Response Surface Modeling (RSM) was used to develop 
the centre cubic design. For this purpose, a Design Expert 
software version 8.0 was used to develop the experimental 
matrix. After the experiment, the influences of N2 pressure, 
argon pressure and turntable speed on the coating roughness 
were analyzed. 
 
TABLE I.  THE EXPERIMENT SETTING 
Process Variables Substrate 
ion cleaning 
TiN 
deposition 
• Sputtering power (kW) 
• Substrate temperature (C) 
• Ion source power (kV/A)  
• Substrate bias voltage (V)  
• N2 pressure (×10-3 mbar) 
• Argon pressure (×10-3 mbar) 
• Turntable speed (rpm) 
• Duration (min) 
- 
300 
0.24 / 0.4 
-200 
- 
- 
4.0 
30 
4.0 
400 
0.24 / 0.4 
-200 
0.16 – 3.66 
3.66 – 4.34 
4.0-9.0 
150 
 
 
B. Atomic Force Microscopy 
 
 
Figure 2.  AFM Park System XE-100 model 
 
Roughness values of the TiN coatings was inspected by 
using scanning force microscopy (AFM) method. The method 
determined the morphology of the surface based with less 
requirement of sample preparation and non-destructive testing. 
A shown in Fig. 2, the AFM XE-100 model was used at room 
temperature in characterizing coating roughness. The non-
contact mode detection approach using a commercial cantilever 
was used and the scanning area was set to 25x25 microns (625 
μm2). After the measurement, XEI software was used to 
analyzed the measured surface image to get the surface 
roughness value. Table II indicates the process parameters and 
the TiN surface roughness result. 
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TABLE II.  PROCESS PARAMETERS AND EXPERIMENTAL RESULT OF TIN 
COATINGS ROUGHNESS 
Run Process variables 
 
N2  
pressure 
[×10-3 mbar] 
Argon 
pressure 
[×10-3 mbar] 
Turntable 
speed 
[rpm] 
Surface 
roughness 
[nm] 
1 1.84 4.00 6.50 83.03 
2 1.00 3.66 6.50 69.35 
3 1.00 4.34 6.50 75.17 
4 0.16 4.00 6.50 81.19 
5 1.50 3.80 5.00 79.57 
6 0.50 3.80 5.00 80.67 
7 0.50 4.20 5.00 100.92 
8 0.50 4.20 8.00 73.43 
9 1.50 4.20 5.00 44.83 
10 1.00 4.00 9.00 81.54 
11 1.50 3.80 8.00 50.80 
12 0.50 3.80 8.00 67.91 
13 1.50 4.20 8.00 104.92 
14 1.00 4.00 4.00 83.22 
15 1.00 4.00 6.50 67.41 
16 1.00 4.00 6.50 54.64 
17 1.00 4.00 6.50 56.09 
 
III. ANFIS MODELING 
Adaptive Network Based Fuzzy Inference System (ANFIS) 
was presented by Jang in 1993 [19]. In this system, a hybrid 
learning procedure is used to construct an input-output mapping 
based on the human knowledge and training data pairs. The 
fuzzy inference system is employed in the framework of 
adaptive networks. ANFIS is normally contains a five-layer feed 
forward neural network excluding inputs to construct the 
inference system. Each layer consists of several nodes described 
by nodes function. The nodes in previous layer feed input to 
nodes in next layer.  
 
Figure 3.  The ANFIS structure with five layers and nodes  
 
Fig. 3 illustrates the structure of ANFIS with five layers. To 
illustrate the procedures of an ANFIS, it is assumed that the 
system has three inputs (x, y, z) and one output (f). The ANFIS 
rules based contains fuzzy if-then rules of Sugeno type. The 
rules can be stated as: 
 
Rule 1: If x is A1 and y is B1 and z is C1 then f  is f1(x,y,z) 
Rule 1: If x is A2 and y is B2 and z is C2 then f  is f2(x,y,z) 
 
 
where x, y and z are the inputs of ANFIS, A, B and C are the 
fuzzy sets fi (x,y,z) is a first order polynomial and represents the 
outputs of the first order Sugeno fuzzy inference system. 
 
TABLE III.  PARAMETERS SETTING FOR ANFIS MODEL  
ANFIS variables Setting 
Input Variables 
 
Output Response 
Input MFs Type 
 
No. of MFs 
Output MFs Type 
Optimization Method 
 
 
Epochs 
N2 pressure, argon pressure, 
turntable speed 
Surface roughness 
Triangular, Trapezoidal, Bell, 
and Gaussian   
2, 3, 4, 5 
Linear 
Hybrid of the least-squares and 
the back propagation gradient 
descent method.  
250 
 
 
In this study, three variables were selected for inputs of the 
ANFIS model to predict an output response. To find the 
optimum ANFIS structure, the type of input membership 
function (MFs) and number of MFs were used as ANFIS 
variables. The triangular, trapezoidal, bell and Gaussian MFs 
were used in the ANFIS structure with every MFs had two, 
three, four and five number of MFs shape. To train the model, 
hybrid of the least-squares method and the back propagation 
gradient descent which also called hybrid method was used as 
optimization method to emulate a given training dataset. The 
linear output MFs was used to produce the surface roughness 
value. The details of ANFIS parameters setting is shown in 
Table IV.  
 
IV. RESULT AND DISCUSSION 
In the training process, the ANFIS structure were trained with 
the input dataset and the initial membership functions for input 
variables were derived. Fig. 4 shows the initial of Bell MFs, 
while Fig. 5 shows the final Bell MFs output.  
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Figure 4.  The Bell MFs for the input variables before training 
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Figure 5.  The Bell MFs for the input variables after training 
 
 
From the figures, a major change obviously can be seen on 
the shape of N2 pressure MFs and argon pressure MFs after the 
training process. Otherwise, the membership functions of the 
turntable speed indicates only a slight changes. Fig. 6 shows the 
convergence of the ANFIS training after 250 epoch. The lowest 
root mean square error (RMSE) of the ANFIS model was 
achieved in 66th epoch with 1.10276. However, the RMSE 
increased again to 10.704 in 250th epoch. 
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Figure 6.  Convergence of ANFIS training 
 
To verify the performance of the proposed ANFIS model, the 
following measures were used. The residual error (%) in (1) was 
used to quantify the difference between predicted and actual 
values. Then, the minimum, maximum and average of the 
residual error for every ANFIS model with difference MFs was 
compared. The prediction accuracy (A) in (2) was computed to 
determine the accuracy of the models.  
−
= ×
p a
residual
p
v v
e ( )
v
100   (1) 
 
−
= − ×∑
=
v vn a p
A ( ) %
n vi a
1 1 100
1
  (2) 
where n  is number of testing data, av is experimental value 
and pv is predicted value.  
Three testing dataset from separated experiment were used to 
verify the developed ANFIS model. The testing dataset is shown 
in Table IV. Meanwhile, Table V and VI shows the result of the 
ANFIS models with different type of input MFs (triangular, 
trapezoidal, Gaussian and bell) and different number of 
membership function (2, 3, 4 and 5). The both table show that 
the 2-2-2 and 3-3-3 structure of the ANFIS model indicate lower 
residual error compared to 4-4-4 and 5-5-5 structure ANFIS 
model. This findings are indicted in Table VI where the 
maximum percentage of residual error is indicated in 4-4-4 and 
5-5-5 ANFIS structure. The lowest maximum value of residual 
error is indicated in 3-3-3 Bell shape MFs. The 3-3-3 Bell shape 
MFs also indicates the lowest average of the residual error. 
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TABLE IV.  VALIDATION DATA 
Run 
Nitrogen 
 pressure  
(×10-3 mbar) 
Argon 
pressure  
(×10-3 mbar)  
Turntable 
speed 
(rpm)   
Surface 
Roughness 
(nm) 
1 0.7 3.85 5.6 65.42 
2 1.1 3.95 7.4 68.58 
3 0.9 4.05 6.2 67.20 
TABLE V.  RESULT OF ANFIS MODEL WITH DIFFERENT TYPE AND NUMBER 
OF MFS 
 Roughness (nm) Error (%) 
MFs 2-2-2 3-3-3 4-4-4 5-5-5 2-2-2 3-3-3 4-4-4 5-5-5 
T
ri
 69.11 79.10 84.98 61.79 5.64 20.91 29.89 5.56 
61.14 67.10 42.95 13.75 10.84 2.16 37.37 79.94 
61.59 68.60 73.35 26.89 8.34 2.08 9.16 59.99 
G
au
ss
 75.78 62.90 84.92 72.58 15.83 3.85 29.81 10.94 
64.23 66.49 51.82 23.37 6.34 3.04 24.44 65.92 
68.52 60.56 72.38 44.25 1.97 9.88 7.70 34.16 
B
el
l 64.47 65.14 87.99 72.30 1.45 0.43 34.50 10.52 
64.74 67.23 46.97 19.09 5.60 1.97 31.51 72.17 
62.85 68.52 75.89 52.30 6.47 1.97 12.92 22.17 
T
ra
p 78.15 62.81 87.19 87.19 19.46 3.99 33.28 33.28 
75.65 65.62 52.89 0.00 10.31 4.31 22.88 100.00 
63.40 57.60 88.52 57.56 5.66 14.29 31.73 14.35 
TABLE VI.  MIN, MAX AND AVERAGE OF RESIDUAL ERROR FOR THE 
DEVELOPED ANFIS MODELS 
  MFs 2-2-2 3-3-3 4-4-4 5-5-5 
E
rr
or
 (%
) 
M
in
 
Tri 5.64 2.08 9.16 5.56 
Gauss 1.97 3.04 7.70 10.94 
Bell 1.45 0.43 12.92 10.52 
Trap 5.66 3.99 22.88 14.35 
M
ax
 
Tri 10.84 20.91 37.37 79.94 
Gauss 15.83 9.88 29.81 65.92 
Bell 6.47 1.97 34.50 72.17 
Trap 19.46 14.29 33.28 100.00 
A
ve
ra
ge
 Tri 8.27 8.38 25.47 48.50 
Gauss 8.05 5.59 20.65 37.01 
Bell 4.51 1.46 26.31 34.95 
Trap 11.81 7.53 29.30 49.21 
    
 
Meanwhile, Fig. 7 and Fig. 8 show the average percentage 
error of the ANFIS model with different type of MFs and 
different number of MFs, respectively. Fig. 7 shows that all MFs 
have lowest percentage error in 2-2-2 and 3-3-3 structure. Then, 
the average of residual error increased over 20% for 4-4-4 and 5-
5-5 ANFIS structure. This figure also indicates that no 
significant different in terms of residual error between the types 
of MFs. Conversely, the difference of residual error is clearly 
indicated between different number of MFs as shown in Fig. 8. 
The 2-2-2 and 3-3-3 ANFIS structure have less than 12% 
average of residual error. Then, the residual error increased in 4-
4-4 and 5-5-5 ANFIS structure. This finding concludes that the 
number of MFs has significant influence to the performance of 
the ANFIS model.    
 
 
 
Figure 7.  Average percentage error of the ANFIS model with different type of 
MFs 
 
 
 
Figure 8.  Average percentage error of the ANFIS model with different number 
of MFs 
 
Besides that, Table VII shows the comparison of 3-3-3 bell 
MFs of ANFIS model with RSM polynomial regression 
roughness model, in terms of maximum residual error, average 
residual error and prediction accuracy. The regression model 
was developed using RSM technique using same variables and 
input data. From the table, the ANFIS model indicates better 
performances compared to the polynomial regression model to 
predict the coating roughness. 
TABLE VII.  COMPARISON OF ANFIS MODEL WITH POLYNOMIAL 
REGRESSION  MODEL IN TERMS OF RESIDUAL ERROR AND MODEL ACCURACY  
Performance measures ANFIS 3-3-3 Bell 
Shape MFs 
Polynomial 
regression 
Max Error (%) 1.97 8.2 
Average Error (%) 1.46 5.59 
Prediction Accuracy (%) 98.55 94.34 
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V. CONCLUSION 
 
In this study, the ANFIS model was used in predicting the 
surface roughness of TiN coatings. The 17 experimental data 
were used to train the ANFIS model and 3 testing dataset were 
used for validation. The input parameters were the N2 pressure, 
argon pressure and turntable speed with surface roughness of the 
TiN coatings as the output response. The triangular, trapezoidal, 
bell and Gaussian shapes were selected as input membership 
function with number of membership function were two, three, 
four and five. The results in terms of maximum residual error, 
average residual error and prediction accuracy were compared 
with RSM polynomial regression model. The results have shown 
that: 
 
• The ANFIS model with 2-2-2 and 3-3-3 structure indicated 
the lowest maximum residual error compared to 4-4-4 and 5-
5-5 ANFIS structure. 
• The number of MFs variable shows significant influence to 
the ANFIS model performance. However, the type of MFs 
variable indicates insignificant influence to the ANFIS 
performance. 
• The 3-3-3 bell MFs of ANFIS model showed better 
performances compared RSM polynomial regression model 
with less maximum error, less average error and higher 
prediction accuracy. 
• The better agreement between the measured and predicted 
values of ANFIS model showed that the proposed ANFIS 
model can be a good option in predicting TiN coatings 
roughness.   
• The result also indicated that the ANFIS model could predict 
accurate output response even using limited training data. 
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